Accurately estimating patterns of population connectivity in marine systems remains an elusive goal. Current genetic approaches have focused on assigning individuals back to their natal populations using one of two methods: parentage analyses and assignment tests. Each of these approaches has their relative merits and weaknesses. Here, we illustrate these tradeoffs using a forward-time agent-based model that incorporates relevant natural history and physical oceanography for 135 Kellet's whelk (Kelletia kelletii) populations from Southern California. Like most marine organisms, Kellet's whelks live in large meta-populations where local populations are connected by dispersive larvae. For estimating population connectivity, we found parentage analyses to be relatively insensitive to the amount of genetic differentiation among local populations, but highly sensitive to the proportion of the meta-population sampled. Assignment tests, on the other hand, were relatively insensitive to the proportion of the meta-population sampled, but highly sensitive to the amount of genetic differentiation found among local populations. Comparisons between the true connectivity matrices (generated by using the true origin of all sampled individuals) and those obtained via parentage analyses and assignment tests reveal that neither approach can explain >26% of the variation in true connectivity. Furthermore, even with perfect assignment of all sampled individuals, sampling error alone can introduce noise into the estimated population connectivity matrix. Future work should aim to improve the number of correct assignments without the expense of additional incorrect assignments, perhaps by using dispersal information obtained from related individuals as priors in a Bayesian framework. These analyses dispel a number of common misconceptions in the field and highlight areas for both future research and methodological improvements.
Introduction
From which local population does the next-generation originate? This fundamental question in marine biology remains unresolved, with significant consequences for advancing our understanding of ecological and evolutionary processes. Population connectivity at the generation or cohort scale is defined by contemporary rates of migration and includes the movement of indivdiuals among local populations (Botsford et al., 2009b; Burgess et al., 2014) often resulting in the formation of marine meta-population structure (Kritzer and Sale 2004) . In coastal marine systems, patterns of population connectivity exhibited by fish, invertebrate, and algal species with a dispersive larval phase are spatially and temporally complex. These diverse patterns of larval connectivity can (i) promote persistence in unproductive 'up-current' populations (Aiken and Navarrete, 2011) , (ii) shape demographic and genetic structure within marine meta-populations (Hedgecock and Pudovkin, 2011; Pringle et al., 2011; Watson et al., 2012; Williams and Hastings, 2013) , (iii) shift range boundaries (Gaylord and Gaines, 2000) , (iv) drive evolutionary change by characterizing the interactions between gene flow, genetic drift, and selection (Sanford and Kelly, 2011; De Wit and Palumbi, 2013) , and (v) enhance biodiversity by facilitating coexistence among competitor species (Chesson and Warner, 1981; Berkley et al., 2010; Edwards and Stachowicz, 2011) . Furthermore, in this era of unprecedented anthropogenic impacts on marine ecosystems, accounting for connectivity can have substantial societal and economic value by enhancing conservation efficacy and boosting fisheries yields and profits (Costello et al., 1998; Botsford et al., 2009a; Christie et al., 2010; Truelove et al., 2015) . For these reasons, quantifying population connectivity has been a major objective of marine science for over twenty years (Hixon 2011; Burgess et al., 2014) .
While a number of approaches exists to estimate population connectivity in marine systems (reviewed by Hedgecock et al., 2007; Botsford et al., 2009b; Cowen and Sponaugle, 2009; Pineda et al., 2009) , the application of molecular genetics is among the more popular and fastest changing tools currently available for empirically quantifying marine connectivity. Motivated by the significant biological and socioeconomic implications for understanding contemporary patterns of connectivity, and fueled by rapid technological advances (Kool et al., 2013) , connectivity research has recently moved beyond population genetics approaches for estimating average patterns of gene flow on evolutionary time scales, to those focused on identifying connections between populations with individual members of larval cohorts (e.g. Almany et al., 2013; D'Aloia et al., 2015) . Different statistical approaches are available to measure connectivity using molecular markers such as hypervariable microsatellites or high-throughput sequencing to score single nucleotide polymorphisms (SNPs). These approaches can be divided into two general classes: (i) those that aim to assign individual recruits (successful larval settlers) back to their parents (hereafter: parentage analysis) and (ii). those that aim to assign individual recruits back to their natal population (e.g. likelihood-based assignment tests, hereafter: assignment tests). Specifically, parentage analysis matches a recruit with a parent or parent-pair from a pool of candidate parents by resolving the Mendelian pattern of shared alleles between the parent and offspring (Peery et al., 2008; Planes and Lemer, 2011; Buston et al., 2012; Harrison et al., 2012; Christie, 2013) , while assignment tests (as we define them here) match an individual recruit to its source population based on the expected frequency of its multi-locus genotype in alternative putative sources (Manel et al., 2005) .
Individual-based genetic methods have revealed significant insights into the processes driving marine connectivity. For example, realized dispersal from management areas to local populations outside of their borders (larval seeding; Planes et al. 2009; Christie et al., 2010; Harrison et al. 2012) , retention of larvae within a marine protected area (Berumen et al., 2012) , localized recruitment of kin groups (Iacchei et al., 2013) , surprising origins of long-distance colonists (Concepcion et al., 2016), correspondence of ocean currents with realized patterns of gene flow (White et al., 2010; Crandall et al., 2012) , and hierarchical population structure in species with high gene flow (Knutsen et al., 2003; Benestan et al., 2015) have all been identified with individual-based genetic methods. Furthermore, in the most extensive parentage study undertaken to date, D 'Aloia et al. (2015) generated an empirical dispersal kernel for larvae of the Caribbean goby, Elacatinus lori. They showed that despite an average pelagic larval duration (PLD) of $26 days, the median dispersal distance of recruits was just 1.7 km and the maximum dispersal distance was 16.4 km (D'Aloia et al., 2015) . Although extremely useful for describing general patterns, these methods must necessarily focus on relatively small areas that do not provide robust inferences about range-wide connectivity (i.e. estimates of migration rates between all populations across the species' range).
Accurate estimates of population connectivity throughout a species' range would substantially advance and support marine science and spatial management by providing a complete matrix of source-destination migration rates (Botsford et al., 2009b) . However, in practice such information is rarely generated, even for a single focal location. This information gap is greatest for open-coast marine species (e.g. fishes and invertebrates living in kelp forests and coral reefs) due to their large population sizes, high rates of gene flow, and complex larval dispersal patterns (Kinlan and Gaines, 2003; Morgan and Fisher, 2010; Hare et al., 2011) . For assignment tests, certainty of assignment of a recruit to its true source is typically low due to limited genetic differentiation between the true source and its alternatives, thereby increasing the chance of false assignment (Cornuet et al., 1999) . For parentage analysis, large numbers of loci or analytical methods that focus on shared rare alleles substantially reduce the likelihood of false matches (Peery et al., 2008; Christie, 2013) ; however, only a small fraction of potential parents and offspring can be feasibly sampled. Additional sampling, analysis of more genetic data (both loci and alleles; Ryman et al., 2006) , and enhanced statistics (e.g. matching recruits to unsampled populations, Duchesne et al., 2005 ; deciphering cryptic population structure, Manel et al., 2007) can help mitigate these challenges, but these solutions have logistical and/or analytical limits, and an overall understanding of the general tradeoffs in their efficacy and feasibility remains unknown. Consequently, for marine species, the challenge lies in finding robust and cost-effective sampling designs and statistical approaches to individual-based genetic methods for achieving comprehensive, precise, and accurate estimates of connectivity.
Previous research comparing the results of parentage analysis and assignment tests using clownfish as a case study found assignment tests to be unreliable at differentiating between true and false sources of recruits in a well-mixed (high gene flow) meta-population (Saenz-Agudelo et al., 2009), corroborating theoretical evidence that assignment should be reliable only with sufficient population structuring (Cornuet et al., 1999) . Other empirical research on Atlantic cod found assignment tests to be much more successful at determining recruit-source matches in a fairly well-mixed system, except between adjacent sources with extremely low genetic differentiation (Bradbury et al., 2011) . Furthermore, assignment tests have proven valuable in identifying outside immigrants that presumably represent the tail end of the probability distribution of migration rates (Saenz-Agudelo et al., 2009; Concepcion et al., 2016) . Parentage analysis, on the other hand, has proven successful within genetically homogenous metapopulations, but often has far fewer assignments (Saenz-Agudelo et al., 2009; Christie et al., 2010; Berumen et al., 2012; Pusack et al. 2014; D'Aloia et al., 2015; Salles et al., 2015) .
Despite the recent advances in connectivity research, it is unlikely that there will be a single best approach for all types of marine meta-populations. For example, parentage studies typically focus on fishes with relatively low larval dispersal capabilities and a small area of each species' entire range containing relatively few, small populations that can be sampled extensively (reviewed by Riginos et al., 2011) . Consideration of populations across the full range of an open-coast marine species, and a focus on species with high gene flow (e.g. via pelagic eggs or with longer PLDs) and large populations sizes (totaling in the hundreds of thousands to millions; Gomez-Uchida and Banks, 2006; Neilson, 2011; Simmonds et al., 2014) , prohibits such complete sampling, resulting in far fewer expected successful parent-offspring matches. Thus, the number of parent-offspring pairs detected, and the ability for parentage analysis to detect immigrants, has been highly variable across studies (Peery et al., 2008; Christie et al., 2010; Saenz-Agudelo et al., 2011; D'Aloia et al., 2015) . Additionally, not knowing the actual migration rates limits the ability to validate estimates of connectivity in empirical studies. To date, there has been no systematic evaluation of this problem with reference to known migration rates.
Here, we use a forward-time agent-based model (ABM) of meta-population dynamics that tracks the multi-locus genotypes of all adult, larval, and recruit individuals in space and time in order to explore the strengths and weaknesses of parentage analysis and assignment tests for studying patterns of larval connectivity in open-coast marine species under realistic sampling scenarios. We perform a number of simulations to generate known migration matrices and then compare the results from parentage analysis and assignment tests to better understand the relative benefits and limitations of each approach for resolving population connectivity in marine systems.
Methods

Simulation model
To systematically evaluate the performance of assignment tests and parentage methods for estimating population connectivity, we developed a spatially explicit, forward-time, ABM. The model was built using relevant life-history information from the subtidal marine gastropod Kellet's whelk (Kelletia kelletii) in the Pacific Ocean off the coast of Southern California (Figure 1 ). Kellet's whelk share many life history characteristics with typical nearshore marine fish and invertebrate species: large population sizes; slow-growing, sedentary, demersal adults; and pelagic larvae (Allen et al., 2006) . Specifically, Kellet's whelk have a dispersive larval stage with a PLD of 40-60 days (Romero et al., 2012) , after which the larvae settle to rocky substrate in the subtidal zone where they remain highly site attached for the duration of their lives (Rosenthal, 1970; Zacherl et al., 2003) . Because many marine species are characterized by large population sizes with many local populations and large ranges (e.g. Gomez-Uchida and Banks, 2006; Neilson, 2011) , we modelled an entire meta-population consisting of 135 local populations distributed throughout Southern California. Furthermore, the physical oceanography of this region has been extensively characterized, such that we were able to obtain species-specific connectivity matrices from a biophysical model of regional ocean circulation (Mitarai et al., 2009; described below) .
Each local population in the ABM was characterized by an average of 1000 individuals, resulting in an average meta-population size of 135 000 adult whelks that approximates the lower end of an empirical estimate of the species' population size in the study region (95% CI, 82 615-1 556 300; Simmonds et al., 2014) . Each individual was randomly assigned a sex (male or female) and was characterized by 500 independent SNPs. We focused on SNPs because they have been shown to provide high statistical power for both assignment tests and parentage analysis (Anderson and Garza 2006; Narum et al., 2008; Hauser et al., 2011) although analyses using microsatellite markers would be expected to yield similar results (Liu et al., 2005; Glover et al., 2010) . At the beginning of each model run, all multi-locus genotypes were created in accordance with Hardy-Weinberg Equilibrium with a minor allele frequency of 0.2. After initializing populations, the ABM was characterized by the following steps: mortality, reproduction, larval dispersal, and recruitment ( Figure 1 ). We assumed an average 20% mortality rate per year, following estimates for coastal marine species (Lee et al., 2011; Rassweiler et al., 2012) . This process created age-structured populations with overlapping generations and a mean generation time of 4.8 years. During the mortality step, individuals were randomly removed from throughout the meta-population without respect to local population. Within each local population, mortality rates were varied slightly each year using a random deviate from a normal distribution with a mean equal to the number of needed offspring and a standard deviation of 10. This process increased the fluctuations in population sizes among local populations and mimics marine population dynamics (Supplementary Figure S1 ).
For computational efficiency (i.e. memory limitations), we only created as many offspring as needed to keep the meta-population size constant through time. Thus, we only created offspring that would survive through the settlement stage. Because many marine organisms are characterized by high variance in reproductive success (Hedgecock and Pudovkin, 2011) , we varied the number of offspring produced by each pair (with most pairs producing no offspring in a given year) using a gamma distribution with a shape parameter of 0.5 and a rate parameter of 0.1. Pairs were created by randomly pairing males and females within each local population. Offspring were created in strict accordance with Mendelian inheritance; at each locus, each offspring inherited one allele, chosen at random, from both parents.
Population connectivity
To simulate larval (i.e. offspring) dispersal among the 135 local populations, we used data from a biophysical model developed by Mitarai et al. (2009) built upon an ocean circulation model (OCM) of southern California and a particle tracking model (PTM). The OCM is a high-resolution Regional Ocean Modeling System of the study region driven by realistic boundary conditions (See Supporting Information for more details). Larval connectivity was quantified using the Lagrangian probability density function (PDF) method (Mitarai et al., 2009 ) that estimates connectivity from a source site to a destination site by quantifying the probability of particle displacement over a specified time period. To incorporate the larval life history of Kellet's whelk, the particles were released from June through August, the spawning period for Kellet's whelk (Zacherl et al., 2003) , and tracked for Disentangling the relative merits and disadvantages of parentage analysis 40-60 dispersal days, the PLD of Kellet's whelk larvae (Romero et al., 2012) . Lagrangian PDFs were obtained for each spawning month and dispersal day for 1996-2002, the years available from Mitarai et al. (2009) . The PDFs were averaged across spawning months, dispersal days and then years to generate a mean connectivity matrix (see Supplementary Table S1 for actual values). Using this connectivity matrix, which resulted in high rates of gene flow, the equilibrium value of global F ST was equal to 0.
We applied the above connectivity matrix to each local population in the ABM to determine the number of recruits originating from each of the 135 local populations. While using this connectivity matrix resulted in high levels of connectivity and gene flow, rates of self-recruitment were not insubstantial (see inset of Figure  1 for region-wide connectivity matrix and Supplementary Table S1 for actual values). To specifically determine the number of offspring to create in each source population, we used a multi-nomial distribution specifying all 135 populations, the number of needed offspring for a local population, and the connectivity matrix describing the probability of a recruit originating from each of K local populations. In practice, the multi-nomial distribution was implemented prior to reproduction so that we knew precisely how many offspring to create in each local population, which increased computational efficiency. However, the actual dispersal of individuals occurred after reproduction, as illustrated in Figure 1 .
Levels of differentiation
Because previous work has illustrated that the performance of assignment tests can vary for different levels of genetic differentiation, we created meta-populations with three levels of genetic differentiation: high, medium, and low. Here, we measured genetic differentiation as F ST (calculated using the equation of Weir and Cockerham, 1984; and implemented in GENODIVE and HIERFSTAT; Meirmans and Van Tienderen, 2004, Goudet 2005) and we created marine meta-populations with high (F ST ¼ 0.1), medium (F ST ¼ 0.01), and low (F ST ¼ 0.001) levels of genetic differentiation among all local populations (sensuPalumbi 2003). To create these three values, we first ran each simulation for 100 years using a connectivity matrix with 100% self-recruitment, such that there was no gene flow among local populations; this process, combined with the naturally high variance in reproductive success among adults (see model details above), allowed for local populations to experience genetic drift such that genetic differentiation increased through time (each population was initiated with identical allele frequencies). After 100 years, we switched connectivity matrices to the empirical matrix generated by the OCM and PTM in relation to Kellet's whelk life history, and continued to run the model forward in time until the model reached the desired level of global genetic differentiation. This Steps in the model consisted of density-dependent mortality (e.g. competition, predation), density-independent mortality (e.g. variability in environmental conditions), reproduction, and dispersal, where dispersal was modelled using the connectivity matrix from a biophysical model parameterized with realistic ocean current and life history conditions (see Methods). For dispersal, we illustrate the connectivity matrix used for all 135 local populations where the color scale ranges from blue (low connectivity) to red (high connectivity).
approach necessitates that the local populations were not in driftmigration equilibrium upon sampling, but empirical evidence suggests that relatively few marine populations are in such a state of equilibrium (Hellberg, 2009; Hart and Marko, 2010) . Furthermore, both the parentage and assignment methods do not make the assumption of drift-migration equilibrium. For each level of genetic differentiation (F ST ¼ 0.001, 0.01 and 0.1), we created 30 independent replicates, and sampled between 10 and 100 adults (in increments of 10) and an equal number of recruits from each of 20 populations spaced equidistantly throughout the seascape. We chose 20 populations and a maximum sample of size of 100 adults and 100 recruits at each site (study-wide sample size of 4000 individuals) because in practice this sample size represents a considerable amount of field and laboratory effort and expense. These values are also reasonable given our meta-population size of 135 000 individuals and translate into sampling between 0.3 and 3% of the entire meta-population. Because many marine meta-populations are in the range of at least several hundred to thousand individuals (Gomez-Uchida and Banks, 2006; Neilson, 2011; Simmonds et al., 2014) , these values capture the sampling challenges faced when studying many marine organisms. With 30 independent replicates for each of three levels of genetic differentiation and 10 different sample sizes, we obtained a total of 900 data sets that were each subsequently analysed with parentage analysis and assignment tests. Subsequent analyses (parentage and assignment) were performed independently and without knowledge of the simulation outcome to avoid any potential bias. All simulations were run in R version 3.2 (R Core Team 2016) on a high performance computing cluster where each node had 20 cores (dual 10-core Intel(R) Xeon(R) E5-2660 v3 CPU), with 256 GB memory per node.
Parentage analysis
Parentage analyses were performed with scripts modified from the software SOLOMON . Here, we examined all 500 SNP loci and performed simple Mendelian exclusion. Similar results could be obtained by using smaller numbers of loci, particularly for data sets with smaller sample sizes, or by accounting for the frequencies of shared alleles (Christie, 2010) . For each individual in the model, the birth population and adult population were recorded. This feature allowed us to compare the assignments of recruits to adults using the multi-locus parentage analyses to the true dispersal pathway and thus calculate the number of correct and incorrect assignments (type I errors; Christie, 2010) . There were no type II errors, i.e. true parent-offspring pairs that were included in a sample but not identified as such, because we did not introduce any genotyping errors into the model, such that all parent-offspring pairs shared at least one allele at each of the 500 loci.
Assignment tests
Assignment tests were performed using the original likelihoodbased approach from Paetkau et al. (1995) , in combination with Monte Carlo simulations to calculate significance (Cornuet et al., 1999; Paetkau et al., 2004) . For every sampled recruit, the multilocus likelihood was calculated for each of the 20 sampled populations, following Paetkau et al. (1995) . For each population, we first calculated the observed allele frequencies in the sampled adults. Next, the likelihood of the diploid recruit genotype originating from each local population was calculated based on the adult allele frequencies, assuming Hardy Weinberg equilibrium in the populations. Multi-locus likelihoods over all 500 loci were obtained by taking the product of the single-locus likelihoods. Because population-specific allele frequencies of zero at a single locus will lead to biased multi-locus likelihoods of zero, we substituted all allele frequencies of zero with a value of 5Â10
À3
. This value has been shown to give the best results in a test of six different replacement values . We did not use the partial Bayesian method from Rannala and Mountain (1997) , which does not require such a replacement value and generally shows better performance (Cornuet et al. 1999 , Hauser et al. 2006 because there is no software implementation of that method that can be automated to analyse a large numbers of datasets. For every recruit, the population with the highest likelihood was taken as the inferred source population and compared with the known source population (as reported in Figure 3a and b). Because not all true source populations were sampled (mimicking realistic sampling scenarios; see details above) any migrant born in an unsampled population was assigned 'incorrectly' in addition to any errors made by the method itself.
To account for the bias caused by incomplete sampling of source populations, we also used Monte Carlo simulations to generate null distributions for the assignments of the recruits (Cornuet et al., 1999; Paetkau et al., 2004) . Two possible test statistics can be used for this approach. The first test statistic is L h ; the likelihood with which the recruit originated in the population from which it was sampled. The second test statistic is the ratio L h /L max , where L max is the maximum likelihood over all sampled populations. We used the L h test statistic to generate Figure 3c and d because this statistic is more suitable when only a small percentage of possible source populations have been sampled , which is the case for most studies attempting to estimate marine population connectivity. However, the drawback of using L h is that it only distinguishes between migrants and non-migrants ('residents', i.e. individuals recruited back to their natal populations). Thus, this approach cannot be used to build connectivity matrices, but may still be useful for estimating self-recruitment. In the Monte Carlo simulations, new datasets were formed by randomly creating individual genotypes by randomly drawing gametes from the genotypes observed in the sampled adults. This method of drawing whole gametes from the observed individuals was previously found to give much better results than the alternative method of creating individuals by drawing random alleles based on the observed allele frequencies . For every replicate dataset of adults and recruits that was tested, 100 Monte Carlo datasets were created. This means that, depending on the sample size of the data set, 20 000-200 000 genotypes were created for calculating the null distribution of the L h -statistic. For every recruit, a p-value was calculated by comparing the observed L h -statistic to the generated null-distribution. Using an alpha of 0.01, we considered assignments correct if individuals with a p 0.01 were spawned in a different local population than where they were sampled and we considered assignments incorrect if an individual with a p 0.01 was spawned in the sampled population. An alternative to the Monte-Carlo test is to calculate, for every individual, the contribution of every population to the sum of the likelihoods of all sampled populations (Piry et al. 2004) . High values for one particular population would provide evidence that the individual was truly from that population, whereas low values for all populations would mean that the true source population was not Disentangling the relative merits and disadvantages of parentage analysis included. Using this method, we found that the great majority of individuals had a value very close to one for the population with the maximum likelihood, including individuals dispersing from unsampled populations (up to 87% had a value >0.95, depending on the value of F ST and the sample size). Therefore, we could not use this method to further distinguish true migrants from false positives. The assignments and Monte Carlo permutations were performed using a pre-release version of the software GENODIVE 3.0 (Meirmans and Van Tienderen, 2004) .
Quantifying method performance
To compare population connectivity matrices for all correct assignments of recruits within a sample to those generated by either parentage analyses or assignment tests, we calculated the fraction of unexplained variance (FUV; Simons et al., 2013 ). This parameter was calculated as:
where for a given data set, A is the 'true' connectivity matrix generated with the correct assignment of all sampled recruits, B is the connectivity matrix determined via parentage analyses or assignment tests and cor equals Pearson's correlation between the two matrices. Note, for A and B to be comparable, the matrices were limited to describing the rates of connectivity for recruits from the 20 sampled populations. Thus, the matrices are 20x20 and here we use realized dispersal matrices , where each matrix sums to one and represents the relative contribution of pair-wise connectivity to system-wide recruitment.
Results
Results from the parentage analyses revealed that the proportion of sampled recruits matched successfully to a parent increases as the fraction of the meta-population sampled increased (Figure 2 ). Stated differently, the absolute number of parent-offspring pairs identified in a sample increased with the total number of individuals sampled (Supplementary Figure S2) . Because we used 500 SNP loci scored without genotyping error, the number of unrelated individuals falsely identified as a parent-offspring pair was negligible for our sample sizes (less than 1 false assignment per data set: Figure 2b ). The amount of genetic differentiation between populations did not change either the number of correct or incorrect parent-offspring pairs identified.
In contrast, results from assignment approaches were strongly influenced by genetic differentiation (Figure 3 ). Using the highest likelihood score for each recruit, correct assignments were highest when F ST was high ($14% correctly assigned when F ST ¼ 0.1) and lowest when genetic differentiation was low ($4% correctly assigned when F ST ¼ 0.001) (Figure 3a) . Also in contrast to parentage methods, this approach was relatively insensitive to sample sizes; larger sample sizes did not yield more assignments that were correct. Because assignment approaches attempt to assign every individual back to the most likely source population from which data exists (see Methods), the percentage of incorrect assignments was very high. Therefore, the proportion of incorrect assignments was inflated by individuals that originated in a population that was not sampled (all individuals spawned in an unsampled population must result in an incorrect assignment because their natal population is not among the choices to which they can be assigned). Even for F ST values that are high by marine population standards (F ST ¼ 0.1; the highest F ST we tested), the percentage of recruits that were incorrectly assigned was greater than 80% (Figure 3b ), but it is also important to keep in mind that only 15% of true source populations were sampled (i.e. 20/ 135 sites), and could therefore be assigned correctly, in this design. To address this bias, we also employed the L h approach, which classifies individuals as being either migrants or not migrants (i.e. spawned in and recruited to the sampled population). Using this approach, the percentage of incorrect assignments (i.e. residents falsely classified as migrants) decreased to <1% (alpha ¼ 0.01; Figure 3d ). This means that almost all recruits that were tagged as migrants, using the L h approach and an alpha of 0.01, were indeed migrants. However, the reverse is not true; not all recruits with p > 0.01 were residents. It is noteworthy that this approach shows a non-intuitive relationship with sample size when F ST ¼ 0.1, where larger sample sizes resulted in slightly fewer correct assignments on average than seen at lower sample sizes, but with tighter CIs (Figure 3c) . Regardless of the sample size, the proportion of correct assignments was higher using assignment than parentage approaches, and nearly an order of magnitude higher when using the L h approach and F ST ¼ 0.1 ( Figure  3c ). However, the L h approach illustrated in Figure 3c and d can only identify individuals as being immigrants, and cannot identify the source population from which an immigrant originated; thus, this approach cannot be used to build connectivity matrices. Another caveat is that in real studies the type II error rate (i.e. the number of immigrants not identified as immigrants) will remain unknown, such that using this approach may over-estimate rates of self-recruitment as individuals with p-values greater than alpha cannot be assumed to be residents. However, given that caveat, this approach may still be useful to provide a maximum estimate of self-recruitment given the low rates of incorrect assignment (provided that appropriate caveats and power-analyses are provided) and, perhaps more usefully, can identify a lower bound on rates of immigration even if the actual populations that are exchanging migrants cannot be identified.
We next converted our parentage and assignment test results into connectivity matrices, and compared the results with their corresponding true connectivity matrices visually and using fraction of unexplained variance (FUV; Equation 1 in Methods). It is important to note, that by examining the assignment of settled recruits, our matrices are recruit-centered and retrospective. That is, for the recruits that arrived at a particular site, the matrices indicate the proportion that came from other sites. This type of connectivity could be combined with estimates of offspring production to estimate rates of demographic connectivity. We first illustrate results for a hypothetical empirical scenario (using two independent replicates; one illustrated in Figure 4 and the other in Supplementary Figure S3) , where we assume every single recruit could be sampled and assigned successfully back to its natal population (Figure 4a ). Under this hypothetical scenario, we found a considerable amount of self-recruitment, particularly between sites 15 to 60, which mimics the underlying empirical dispersal matrix used to simulate connectivity in the ABM (cf. Figure 4a with Figure 1 inset) . We next sampled half of the recruits at each of our 20 sampling sites and allowed for perfect assignment. We found that there is considerable noise introduced into the connectivity matrix when half of the total number of recruits is sampled at a local population even when every single recruit is assigned correctly (Figure 4b ). This result suggests that even with perfect assignment, limited sample sizes will reduce the accuracy of empirically derived population connectivity matrices. By comparison, a connectivity matrix derived from the same replicate data (half of all recruits sampled at all 20 sites), but using parentage analysis clearly revealed the primary limitation of this method: a very sparse matrix is generated (Figure 4c) . Furthermore, even though every parent-offspring pair represents Percentage of correct and incorrect assignments for parentage analyses for different proportions of the meta-population sampled (mean 6 95% CI). A correct assignment consisted of a true parent-offspring pair being identified as such. An incorrect assignment consisted of an unrelated pair of individuals being classified incorrectly as a parent-offspring pair. In all cases, the same 20 equally spaced populations were sampled at different sampling intensities. For parentage analysis, the percentage of correct assignments increased with sample sizes (panel a). With the 500 loci, there were almost no false assignments (type I error, panel b) and there were no true pairs that remained undetected (type II error). Points with no visible error bars had CIs that were smaller than the diameter of the point. Notice that correct assignments are not affected by genetic differentiation and scale nearly linearly with the percent of the entire meta-population sampled. Figure 3 . Percentage of correct and incorrect assignments for assignments tests (mean 6 95% CI). a and b show the results using assignment of all recruits based on the best likelihood score for each individual. Notice that assignment methods perform better for meta-populations with greater levels of genetic differentiation and also that these methods assign all individuals such that the number of correct and incorrect assignments sum to 100% of recruits sampled. c and d show results using only the L h test statistic to assign individuals as migrants (i.e. born in a different population than where they were sampled) based on individuals that had p 0.01 (see text). It is important to note that in c and d individuals identified as migrants cannot be assigned to their specific source (i.e. natal) population, but this approach may be useful for estimating self-recruitment. Points with no visible error bars had CIs that were smaller than the diameter of the point.
D
Disentangling the relative merits and disadvantages of parentage analysis a correct assignment, the parentage assignments do not always correspond with the regions of greatest population connectivity. Lastly, an example using the highest likelihood score revealed the primary limitation of assignment tests: large numbers of incorrect assignments result in a connectivity matrix that suggests that a disproportionately large number of recruits were spawned in population 36 (Figure 4d) . The large number of incorrect assignments to population 36 was not driven by that population being more genetically differentiated than the other sampled populations (Supplementary Figure S4) .
To examine the sensitivity of the accuracy of parentage analyses and assignment tests for estimating connectivity in relation to experimental design and population genetic differentiation we calculated FUV between true and estimated connectivity matrices across sample sizes and for each of the three levels of F ST ( Figure  5 ). For parentage analysis, there was no substantial effect of genetic differentiation on the fraction of unexplained variance. However, unexplained variance decreased as the proportion of the meta-population sampled increased. For assignment tests, FUV decreased with increasing genetic differentiation (i.e. performance was better for assignment tests with higher F ST values). For low and moderate levels of F ST , there was a slight reduction in FUV for greater proportions of the meta-population sampled. At higher proportions of the meta-population sampled, parentage analyses outperformed assignment tests at estimating population connectivity matrices, with parentage analyses accounting for up to 26% of the variance explained and assignment tests accounting for up to 5% of the variance explained. However, for the realistic sample and meta-population sizes examined in this study, both approaches leave a substantial portion of the variance unexplained.
Discussion
A significant challenge in marine ecology is the delineation of populations of individuals and an understanding of the barriers or linkages that determine the evolutionary trajectory among these biological entities (Waples and Gaggiotti, 2006) . Thus, defining populations and quantifying exchange among those populations is central to the fields of ecology, evolution, and conservation biology. Yet, the fundamental question of where do the next generation of local recruits originate remains unresolved in most highly dispersive species (Botsford et al., 2009b; Burgess et al., 2014) . This knowledge gap underscores the considerable logistical and statistical challenges to quantifying connectivity in the marine environment. For example, at the quadrennial International Coral Reef Symposium (ICRS) in June 2016 only a single study (D'Aloia et al., 2015) attempted to estimate a complete matrix of source-destination migration rates between pairwise populations throughout the study domain, and even this ambitious study did not attempt to do so across the entirety of the species' range. Further, nearly 90% of presentations at ICRS with the stated goal of estimating connectivity employed parentage analyses rather than assignment tests. Although this is admittedly a narrow sample of coral-reef studies, it is our impression that such uneven distribution of one of these two approaches is common in marine science, and seems to be reflected in reviews and grant proposals that we have seen in recent years as well. Notably, in fisheries science assignment and genetic stock identification methods (a method closely related to assignment as defined here; Ihssen et al., 1981; Carvalho and Hauser, 1994) are predominant (Hauser and Carvalho 2008) , whereas in marine ecology research parentage analysis seems to predominate (e.g. Jones et al., 2009; Kool et al., 2013) , at least currently. Despite numerous assertions in the literature (e.g. Botsford et al., 2009b; Kool et al., 2013) and strong opinions expressed by colleagues about which approach is superior, we know of no simulationbased quantitative analysis where both approaches could be compared with known connectivity matrices (but see Hauser et al., 2006; Saenz-Agudelo et al., 2009 for empirical approaches).
Relative strengths and weaknesses of parentage and assignment approaches
A primary difference between the approaches is that, with so many SNPs, parentage provides very high quality of matches between recruits and their source locations (Figure 2b ), but the number of parent-offspring pairs identified is a small fraction of the total individuals genotyped (Figure 2a) . In contrast, assignment testing can estimate a source population for every recruit, because all recruits are assigned regardless of statistical confidence, but the quality of those assignments is much lower (Figure  3a) , and the number of incorrect assignments can be substantial, especially with low F ST values (Figure 3b ; Manel et al. 2005) . However, it is only possible to assign recruits to the correct origin if the source population has been sampled (Slatkin 2005) , so by definition every individual originating from an unsampled population is incorrectly assigned (recall that only 15% of the sources were sampled). The result is a large proportion (>80%; Figure  3b ) of incorrect assignments in assignment testing relative to parentage analyses. For parentage analysis, individuals from unsampled adults cannot be assigned and are thus not counted in the incorrect assignments category (provided sufficient numbers of loci are used); however, the overall number of assigned individuals is far lower (<5%; Figure 2a ). As one way to account for the high rate of false assignment with assignment tests, we also compared results of the Monte Carlo test where p values tag individual recruits as being migrants. In this case, the proportion of self-recruiting individuals being falsely tagged as migrants decreases dramatically to be on par with parentage ( Figure 3d) . Further, the proportion of sampled recruits that are correctly tagged as migrants is at the least comparable with parentage analysis, and can be nearly an order of magnitude greater when population structure is moderately high (F ST > 0.01; Figure 3c ). However, whereas almost all recruits tagged as migrants were indeed migrants, there were still a lot of migrants not tagged as such, even at F ST ¼ 0.1. Thus, researchers should not make the mistake of interpreting the non-significant p-values, as these represent a mixture of both residents and migrants.
So just tell me, which method should I use?
We wish there was a simple answer to this question. As outlined in the previous section, the most fundamental difference between these two approaches is a tradeoff between the quality and quantity of matching recruits to source locations. Essentially parentage has relatively few, but very high-quality assignments that are robust to underlying population genetic structure, but are highly sensitive to the proportion of the population sampled. On the other hand, assignment approaches connect every individual to a source population, but with low average quality of assignments that are relatively robust to sample size, but are highly sensitive to the underlying population genetic structure.
Thus, for estimating population connectivity, parentage analysis is a logical choice so long as the experimental design of sampling is scaled appropriately to the size of the study population (as asserted by, e.g. Jones et al., 2009) . Consequently, if samples can be collected non-lethally or from fisheries by-catch, the value of this method is limited only by logistical and financial constraints to ensure that a sufficient proportion of both recruits and potential parents are sampled (the ideal design is a 50/50 split; Christie, 2013) and an estimate of the proportion of correct assignments can be obtained by taking the product of the proportion of parents sampled and the proportion of recruits sampled. Our results indicate that the increase in the proportion of correctly assigned individuals is directly proportional to sample size of the total population, and to avoid generating sparse connectivity matrices, the simple conclusion is the larger the sample size the better. With the continuing decrease in sequencing costs, it may soon be possible to affordably genotype tens of thousands of individuals. Thus, for parentage analysis, a primary limitation will not be in the genotyping of individuals, but rather in logistical and financial constraints associated with collecting A B C D Figure 4 . Estimated connectivity matrices, illustrated as heatmaps, for four scenarios: a. Every recruit in a local population was sampled and correctly assigned (i.e. we used their known origin). b. Half of all recruits in a local population were sampled, but all still correctly assigned (introduction of sampling error). Notice that even with 100% correct assignment (for which no empirical method exists), substantial noise is generated by simply not sampling every individual. c. Half of all recruits sampled (as in b), but where the connectivity matrix was generated from identified parent-offspring pairs. d. Half of all recruits sampled (as in b), but where the connectivity matrix was generated with the best likelihood score from the assignment tests (F ST ¼ 0.1 for all scenarios). All matrices are examples from a single representative replicate (see Figure 5 for a broader examination of the parameter space).
Disentangling the relative merits and disadvantages of parentage analysis tissue samples from a large number of individuals. In terms of practical limitations, sampling as many adults and offspring as possible is the best approach, but genotyping errors, fewer loci, or greater numbers of pair-wise comparisons could potentially increase the number of incorrect assignments to parent-offspring pairs, such that we strongly advocate performing a priori power analyses before embarking upon parentage studies (see Christie, 2013) . Furthermore, the relative insensitivity of parentage to the degree of population structure leaves parentage as a practical option for species with very low genetic population differentiation provided that enough loci are obtained to employ exclusionbased methods (i.e. methods that do not rely upon estimates of allele frequencies as was performed in this paper). If parentage methods that rely on allele frequency estimates are required, then it is important to choose methods that can account for these differences without bias (e.g. see Figure 2 of Christie 2010; Anderson and Weir 2007) . On the other hand, assignment tests can perform well when F ST is moderate to high (>0.01). Thus, in terms of minimizing incorrect assignments, parentage analyses will perform best in systems with little to no genetic differentiation (if using methods that estimate allele frequencies) and assignment tests will perform best in systems with moderate to high genetic differentiation. Further, it is noteworthy that when there is high population structure, the vast majority of incorrect population assignments come from individuals originating from unsampled populations. Thus, assignment is a logical choice for situations in which the sample size is constrained below the fraction needed to fill in a connectivity matrix using parentage and the number of potential source populations is limited. This may be particularly applicable for open coast marine species with massive population sizes where sampling will necessarily be proportionally small, provided there is sufficient genetic structure to differentiate among populations (as asserted by, e.g. Manel et al., 2005; Botsford et al., 2009b) . To reduce unexplained variation, the simple conclusion is that sampling from as many potential sources as possible will minimize the bias towards incorrect assignment. In terms of practical limitations, the relative insensitivity of the method to sample size effects suggests that the most effective sampling design would be to sample only as many individuals as needed to get an estimate of the allele frequencies from every possible source population throughout the species range (Ruzzante 1998; Cornuet et al. 1999; Kalinowski 2005; Hale et al. 2012) . For many previously unstudied populations, it may be most effective to perform small pilot studies to determine (i) the best method to select, (ii) the type of sampling scheme to employ on a large scale, and (iii) whether the questions of interest can be answered sufficiently with the chosen species. 
Shortcomings of both approaches and future directions
As outlined in the sections above, neither approach currently provides an ideal solution to trying to generate a complete matrix of population connectivity. In fact, our results indicate that neither method is currently well-suited to estimate quantitative migration rates. Instead, they only provide evidence of connectivity between populations but at such low precision relative to the truth that they are effectively qualitative rather than quantitative. For example, in cases where no recruits in a focal population can be matched with parents elsewhere does not imply a complete lack of connectivity between sites; it may simply be that the sample size and/or number of sites sampled was not sufficiently large to capture the true underlying connectivity pattern. Without an explicit incorporation of uncertainty into such measurements, we currently have no way to evaluate quantitative estimates of migration in natural populations that rely on these approaches. Further, these conclusions hold true even if all sampled recruits could be successfully assigned back to their natal populations. As highlighted in Figure 4 , simply by incorporating some sampling error (50% of recruits sampled and assigned with 100% accuracy-a relatively small level of sampling error compared with that expected in any empirical study) the resultant connectivity matrix becomes highly divergent from the true underlying pattern of connectivity (cf. Figure 4a and b). When we apply a realistic sampling scheme of up to 4000 individuals, we find that neither the parentage nor the assignment test approach produces a connectivity matrix resembling the underlying truth ( Figure 5) . Surprisingly, neither approach can explain >26% of the variation between the estimated connectivity matrices and the underlying truth. This is a discouraging result that highlights the considerable need for additional work and future improvement in these methods. Nevertheless, when a larger percentage of the meta-population was sampled, parentage analyses outperformed assignment tests ( Figure 5 ) because sparse, but mostly correct matrices can better recover the true connectivity matrix than complete, but mostly incorrect matrices (Supplementary Figure S5) . These differences between the two methods disappear as parentagebased methods become increasingly sparse (i.e. less of the meta-population is sampled) or as assignment tests result in fewer incorrect assignments (e.g. more of the meta-population is sampled). One important caveat is that we used a connectivity matrix that was fairly complex, being derived from oceanographic models (see Methods; Figure 1 ). In some marine systems, however, it is possible that the patterns of connectivity are not only much more simple, but also constant through time. In these systems, the fraction of unexplained variance may be considerably lower for both parentage methods and population assignment. On the other hand, differences in local population sizes and oceanographic conditions may create vastly different connectivity matrices from year to year such that, for those systems, we may be underestimating the fraction of unexplained variance.
Many argue that there are very good reasons to pursue a fullyresolved connectivity matrix for conservation and sustainable, productive fisheries management (e.g. Botsford et al., 2009a; Costello et al., 2010) . While we see avenues to approach this goal (see below), our results suggest that neither method is currently up to the task for the majority of open coast marine species. On the other hand, it may be sufficient to simply identify the relative extent to which marine populations are open or closed (e.g. Cowen et al., 2000; Mora and Sale, 2002) . The degree to which marine systems are open or closed has long been debated (e.g. Thorson, 1950; Scheltem, 1971; Crisp, 1976) , and is a question of great relevance to evolutionary biology, population and spatial ecology, management, and conservation. These questions may be answered using alternative approaches such as identifying statistical relationships between dispersal strength and distance (i.e. dispersal kernels), incorporating demography into estimates of local retention, or focusing on specific pairwise connections (e.g. MPAs). On a more positive note, our results show that the L h approach (Cornuet et al., 1999; Paetkau et al., 2004) performs quite well to distinguish migrants from non-migrants and provides a reliable method by which to determine the degree to which a population is open or closed. However, we also caution that the answer to this question is likely to vary in both space and time (e.g. Toonen and Grosberg, 2011) , thus patterns of connectivity need to be estimated over multiple years to fully understand the spatial and temporal dynamics of marine population connectivity. Along these lines, an additional useful approach may be to look for complementary insights between single-generation genetic approaches and population genetic approaches that account for many generations of gene flow.
Moving forward, the most productive avenues for advancement would be to focus on combining methods analytically for enhanced certainty. Two approaches, which are not mutually exclusive, that hold particular promise include (i) combining parentage and assignment methods to leverage the strengths of each (e.g. use identified parent-offspring pairs as priors to assignment probabilities in a Bayesian approach) and (ii) combining genetic with independent non-genetic methods of assignment to reduce uncertainty in the combined analyses (e.g. oceanographic models and microchemistry analysis results to serve as priors for genetic approaches to estimating connectivity rates; Levin, 2006; Botsford et al., 2009b; Jones et al., 2009; Leis et al., 2011) . In such cases, the hurdle that needs to be overcome is to explicitly calculate uncertainty in each approach and use those uncertainties to provide quantitative estimates of migration with known confidence (Palsboll et al., 2010) . While there currently is no ideal method to estimate full connectivity matrices in large marine populations, we see advancing the early efforts to explicitly combine approaches (e.g. Gaggiotti et al., 2002; Gaggiotti et al., 2004; Miller et al., 2005; Smith and Campana, 2010; Simmonds et al., 2014) as the best approach to harness the power of each and take advantage of the relative strengths of one approach to offset the relative weaknesses of another.
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